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a b s t r a c t 

We propose a novel method to improve airway segmentation in thoracic computed tomography (CT) by 

detecting and removing leaks. Leak detection is formulated as a classification problem, in which a convo- 

lutional network (ConvNet) is trained in a supervised fashion to perform the classification task. In order 

to increase the segmented airway tree length, we take advantage of the fact that multiple segmentations 

can be extracted from a given airway segmentation algorithm by varying the parameters that influence 

the tree length and the amount of leaks. We propose a strategy in which the combination of these seg- 

mentations after removing leaks can increase the airway tree length while limiting the amount of leaks. 

This strategy therefore largely circumvents the need for parameter fine-tuning of a given airway segmen- 

tation algorithm. 

The ConvNet was trained and evaluated using a subset of inspiratory thoracic CT scans taken from the 

COPDGene study. Our method was validated on a separate independent set of the EXACT’09 challenge. We 

show that our method significantly improves the quality of a given leaky airway segmentation, achieving 

a higher sensitivity at a low false-positive rate compared to all the state-of-the-art methods that entered 

in EXACT09, and approaching the performance of the combination of all of them. 

© 2016 Elsevier B.V. All rights reserved. 
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1. Introduction 

Airway tree segmentation in thoracic computed tomography

(CT) plays an important role in the analysis of pulmonary dis-

eases. A robust method to automatically segment an airway tree

in CT is especially relevant for quantifying airway changes such as

bronchial wall thickening, changes in lumen diameter, and pruning

of airways. Quantifying these airway changes may be key for im-

proving the diagnosis and treatment planning for pulmonary dis-

eases involving airway pathology such as chronic obstructive pul-

monary disease (COPD), cystic fibrosis, or interstitial lung diseases

( Pu et al., 2012 ). In addition, segmented airways can aid in seg-

menting other pulmonary structures such as lobes, segments, and

pulmonary arteries and veins ( Bülow et al., 2005; van Rikxoort

et al., 2010; Ukil and Reinhardt, 2005; Zhou et al., 2006 ). 
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In recent years, two reviews have been published on automated

irway analysis ( Pu et al., 2012; van Rikxoort and van Ginneken,

013 ), providing an extensive overview of different airway segmen-

ation methods. A substantial number of these methods are initial-

zed by performing basic operations on the voxel intensities, such

s thresholding or region growing (e.g. as in Fabijas ́nka (2009) ,

raham et al. (2010) , and van Rikxoort et al. (2009) ). These kinds

f algorithms rely on the attenuation differences between the

umen, bronchial wall, and surrounding lung parenchyma. How-

ver, this difference becomes less pronounced for smaller bronchi

ecause of limitations in resolution and partial volume effects,

hich often results in a segmentation that leaks into the lung

arenchyma. Additional algorithms have been proposed that either

o not use region growing or help to control the number of leaks

n the segmentation, including algorithm based on morphology or

eometry (e.g. Fabijas ́nka (2009) , Fetita et al. (2004) , and Graham

t al. (2010) ), machine learning (e.g. Kitasaka et al. (2010) , Lo et al.

2010) , and Breitenreicher et al. (2013) ), and template matching

e.g. van Rikxoort et al. (2009) ). These algorithms usually rely on

he appearance of airways on CT (i.e. dark ellipse in 2D, or dark

ube in 3D) or on some predefined anatomically based rules to

http://dx.doi.org/10.1016/j.media.2016.11.001
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2016.11.001&domain=pdf
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Fig. 1. Schematic overview of the presented method to detect and remove leaks from a given airway segmentation. Given a binary airway segmentation ((a) and (b)), the 

airways are first subdivided into small airway candidates, represented in different colors in (c) ( Section 2.1 ). From each candidate, a set of three 2D patches is extracted that 

represents the 3D appearance of the candidate ( Section 2.1 ). An example of three sets of patches is shown in (f), (g), and (h). The ConvNet is used to classify each set of 

patches as belonging to an airway or to a leak ( Section 2.2 ). In this example, the candidate that corresponds to the set of patches in (h) is classified as leak and is therefore 

represented in red in (d). The given airway segmentation is improved in (e) by removing the detected leak from the segmentation ( Section 3.1 ). (For interpretation of the 

references to color in this figure legend, the reader is referred to the web version of this article.) 
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estrict the segmentation process. These rules and assumptions,

owever, may be inaccurate under the presence of noise, artifacts,

nd diseases. 

An airway segmentation challenge was held in 2009 (EXACT’09)

 Lo et al., 2012 ), in which 15 algorithms were evaluated on a het-

rogeneous set of twenty CT scans. A common issue in all partic-

pating methods was how to define a good trade-off between in-

reasing the airway tree length and reducing leaks. In most meth-

ds, this trade-off was determined by optimizing the parameters

hat influence the tree length and the amount of leaks. One of the

ain conclusions of the challenge was that detecting small bronchi

ithout including leaks in the segmentation is still an unsolved

roblem. An additional conclusion was that different algorithms

rovide complementary information, which was shown by the fact

hat a combination of all participating algorithms provided signifi-

antly longer airway trees without increasing amounts of leaks. 

Parameter selection is an important step in many airway seg-

entation algorithms in order to get a decent tree length without

eaks ( Lo et al., 2012 ). However, fine-tuning the parameters that

nfluence the tree length and the amount of leaks is often a diffi-

ult and tedious task, which may in addition be dependent on the

uality of the CT scan. A selected trade-off therefore usually favors

imiting the amount of leaks at a cost of detecting fewer smaller

ronchi. 

We propose a new approach to detect and remove leaks in a

iven airway segmentation, which conceptually differs from what

as been done in the literature. We formulate leak detection as

 classification problem and show that leak reduction even al-

ows to increase the detected airway tree length, while keeping

he amount of leaks limited. We take advantage of the fact that a

ange of different segmentations can be extracted from a single air-

ay segmentation algorithm by varying its parameter setting, i.e.

he level of restrictions. We propose a strategy to combine these

egmentations after leak reduction, which largely circumvents the

eed for parameter fine-tuning of the given airway segmentation

lgorithm. 

Supervised representation learning techniques have been shown

o provide rich descriptions of the data at hand, without the need

or engineering application-specific features. In particular, convolu-

ional networks (ConvNets) ( LeCun et al., 1998; 2015; Schmidhuber,

015 ) have been shown to quickly outperform state of the art ap-

roaches for many image classification tasks (e.g. Krizhevsky et al.

2012) , Sermanet et al. (2014) , Simonyan and Zisserman (2014) , and

zegedy et al. (2014) ). ConvNets typically consist of a stack of sev-
ral convolutional and pooling layers, followed by a final set of

ully-connected layers and, typically, a soft-max layer. One of the

ey features of ConvNets is that they can be trained end-to-end is

 supervised fashion, using raw data as input and the target label

s output. Consequently, the parameters of the network, namely

he coefficients of the filters used in convolutions and the weights

f fully-connected layers, are learned in order to give a rich rep-

esentation of the data at hand. Thanks to this characteristic, Con-

Nets have quickly become the state of the art approach in fields of

omputer vision and speech recognition where a large amount of

ata is available. ConvNets have not been largely applied yet to the

eld of medical image analysis, but represent a powerful classifica-

ion framework that is highly suited for the proposed airway seg-

entation approach. For this reason, the proposed approach uses

onvNets for detecting leaks as detailed in Section 2 . 

The method is evaluated using the twenty CT scans of the EX-

CT09 challenge ( Lo et al., 2012 ), which is an internationally rec-

gnized reference standard for airway segmentation. This test set

onsisted of a completely independent heterogeneous set of scans,

ncluding both inspiration and expiration scans with different re-

onstruction kernels and different severity of interstitial lung dis-

ases. 

. Leak detection using ConvNets 

A schematic overview of the proposed method is shown in

ig. 1 . A binary airway segmentation is extracted from thoracic

T scans using a given airway segmentation algorithm. In order to

etect leaks in this segmentation, we subdivide the segmentation

nto small sections, referred to as an airway candidate, and extract

 set of 2D patches that capture the 3D appearance of each candi-

ate. A ConvNet is used to classify these candidates based on the

et of 2D patches. The procedure for leak detection based on can-

idate detection and classification is detailed in the following sec-

ions. 

.1. Airway candidates 

Given a binary airway segmentation A I , our goal is to obtain

 representation of the local 3D appearance of short airway can-

idates c via a set of 2D patches. Candidates are defined by sub-

ividing the segmented airway branches into atomic structures of

qual length. 
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Fig. 2. A detailed overview of leak detection using a convolutional network. (a) 2D example of branch extraction based on centerline voxels x c , where each x c includes the 

number of neighboring voxels �( x c ). Each x c for which �( x c ) > 2 is labeled as belonging to a bifurcation (white voxels), whereas all other voxels are labeled as belong 

to an airway branch (gray voxels). Airway branches B i are successively labeled from trachea towards the higher generations. (b) Each B i is subdivided into a sequence of 

candidates with length L , where each candidate is represented as a single color. Note that only the last candidate of a branch (e.g. c 2 1 and c 3 2 ) is allowed to partially overlap. 

(c) A schematic example of a candidate on which a multi planar reformation is performed that straightens the airway candidate. Three patches ( p 1 , p 2 and p 3 ) are extracted 

orthogonal to the reformatted centerline. (d) The convolutional network used to classify each candidate, where I refers to the input layer, C 1 and C 2 to the first and second 

convolutional layers, F to the fully connected layer, and S to the soft max layer. The three input patches p 1 , p 2 , and p 3 , each have a separate (identical) stack of layers, which 

are combined in the fully connected layer to perform the classification. The sizes mentioned on top of the layers refers to only a single stack, meaning that the soft max 

layer gets the input of three fully connected layers, i.e. 3 × 30 filters. (For interpretation of the references to color in this figure legend, the reader is referred to the web 

version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

p  

e  

i

2

 

i  

t  

c  

t  

v  

d  

[  

n  

d  

a

 

e  

n  

fi  

i  

d  

e  

u  

fi

 

l  

s  

o  

o  

c  

a  

p  

e  

t  

p  

(  

v  

e

 

i  
Airway candidate extraction 

We introduce an atomic structure that is a candidate for be-

ing labeled as leak or airway. These candidates are defined as a

small section of an airway branch with a predefined length L . Air-

way candidates are extracted by applying three sequential steps:

(1) skeletonisation of the airway segmentation, (2) airway branches

extraction, and (3) subdivision of branches into airway candidates. 

Airway centerlines are extracted as a set of connected center-

line voxels X = { x c } ( Palagyi and Kuba, 1998 ), where connectivity

of centerline voxels is defined in a 26-neighborhood. The number

of neighboring centerline voxels of x c is indicated by �( x c ). All x c 
that have more than two neighboring voxels ( �( x c ) > 2) are la-

beled as bifurcation voxels, whereas the remaining centerline vox-

els ( �( x c ) ≤ 2) are labeled as branch voxels. Based on these labels,

a branch B i is given by: 

B i = { x c : �(x c ) ≤ 2 , x c are connected } (1)

A schematic example of the construction of branches is shown in

Fig. 2 a. By considering the trachea as root, the hierarchy of the air-

way tree is extracted by subsequently labeling each branch relative

to the root ( Fig. 2 a). 

Given the airway branches, we extract candidates with the

same length. A sequence of candidates { c 1 
i 
, c 2 

i 
, . . . , c k −1 

i 
, c k 

i 
} is ex-

tracted by subdividing a branch B i in a sequential non-overlapping

order, based on the topological direction of the airway tree. A

schematic example of this process is shown in Fig. 2 . Note that

since a branch is not guaranteed to be exactly partitioned into can-

didates of length L , the last candidate c k 
i 

in a branch is allowed to

partially overlap with its parent. In case a branch is smaller than

L , the entire branch is treated as a single candidate. As a final step,

an Euclidean distance transform is performed on the centerline in

order to assign each voxel x ∈ A I to the appropriate candidate. 

Airway candidate representation 

The 3D appearance of a candidate is captured by extracting

three 2D patches p 1 , p 2 , and p 3 ( Fig. 2 c and d). A multi planar ref-

ormation (MPR) of the original CT image is performed (using trilin-

ear interpolation) that straightens the candidate centerline, which

allows to extract patches orthogonal to the direction of the cen-

terline ( Fig. 2 c). The size of each of the patches was fixed to 15

× 15 mm (32 × 32 pixels), which provided a good trade-off be-

tween a detailed view of the smaller bronchi and the possibility

to include intermediate and larger bronchi. The extracted patches
 1 , p 2 , and p 3 corresponded to the beginning ( p 1 ), middle ( p 2 ), and

nd ( p 3 ) of the reformatted candidate, as schematically illustrated

n Fig. 2 c. 

.2. Convolutional network 

A ConvNet was designed and trained to classify a candidate

nto airway or leak, where a single candidate is represented by the

hree extracted 2D patches p 1 , p 2 , and p 3 . Each patch was prepro-

essed by rescaling the voxel intensities between [0, 1], in order

o promote a faster convergence during optimization of the Con-

Net ( LeCun et al., 1998; Ioffe and Szegedy, 2015 ). Rescaling was

one by clamping the Hounsfield units between a predefined range

 I min , I max ] and dividing the clamped value by the extent of the

ew range, i.e. I max − I min . Note that the performed rescaling was

one in the exact same way for each patch in order to retain the

ctual Hounsfield unit information. 

The design of the ConvNet was determined by optimizing sev-

ral parameters that define the architecture of the network, i.e.

umber of convolutional layers, number of filters per layer, size of

lters per layer, dropout, and learning rate, similar to what is done

n Setio et al. (2016) . The optimization of these parameters was

one by training multiple ConvNets with different sets of param-

ters, where the performance was determined based on the area

nder the ROC-curve of the validation set. The architecture of the

nal used ConvNet is outlined in Fig. 2 d. 

A candidate is classified by processing p 1 , p 2 , and p 3 in paral-

el by passing each patch through one of three separate identical

tacks of convolutional and max pooling layers. Each stack consists

f a first convolutional layer C1 (32 filters of 7 × 7 pixels), a sec-

nd convolutional layer C2 (64 filters of 3 × 3 pixels), and a fully

onnected layer F (30 units). Each convolution is performed with

 fixed stride of 1 pixel, without performing spatial padding. Max

ooling is performed by a 2 × 2 window (with a stride of 2) after

ach convolutional layer. The fully connected layers of each of the

hree stacks are combined in the final soft-max layer S (2 units) to

erform the classification. Rectified linear activation units (ReLU)

 Krizhevsky et al., 2012 ) were used in all layers. The designed Con-

Net was implemented in Theano ( Al-Rfou et al., 2016; Bergstra

t al., 2010 ). 

In order to train the ConvNet, we defined a training and a val-

dation set that each consisted of candidates labeled as leak (pos-
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Fig. 3. Two cases are shown to illustrate a practical applications of our leak detection method designed to increase the tree length of an airway segmentation while limiting 

the amount of leaks ( Section 3.2 ). Coarsely-tuned airway segmentations C i (indicated in blue and red) are extracted by varying the tunable parameters of a given airway 

segmentation algorithm, where i indicates a unique combination of tunable parameters. We apply our proposed leak reduction method ( Section 3.1 ) to each C i in order 

to extract leak reduced segmentations C r 
i 

(indicated in blue). 
⋃ n 

i =1 C i indicates the union of all C i , whereas 
⋃ n 

i =1 C 
r 
i 

indicates the union of all C r 
i 
. Note that the same set of 

parameters in the given airway segmentation algorithm (e.g. i = 1) may result in a segmentation with a different trade-off across cases. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this article.) 
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tive class) or airway (negative class). Given the training set, the

eights of the ConvNet were learned by minimizing the cross-

ntropy error between labels and class posterior probabilities via

tochastic gradient descent. RMSProp ( Tieleman and Hinton, 2012 )

as used for adapting the learning rates and the weights were up-

ated using mini-batches of 128 samples. A network configuration

as selected that maximizes the accuracy on a balanced validation

et, where training was stopped after 10 epochs if there was no

mprovement in accuracy on the validation set. 

The number of positive and negative candidates in both the

raining and validation set were increased using multiple data aug-

entation techniques. Although augmentation was performed on

 patch level, each of the three patches within a candidate was

ugmented in the same way to preserve the orientation among

atches. Patch rotation with angles of 0 °, 90 °, 180 °, and 270 ° and

orizontal flipping were used to obtain eight examples per candi-

ate. In order to better balance the positive and negative candi-

ates, we additionally augmented the under represented class by

irroring the patch order within a candidate in the direction of

he airway i.e. { p 3 , p 2 , p 1 } instead of { p 1 , p 2 , p 3 }. 

. Application to improve airway segmentation 

In this section we show two practical applications of our leak

etection method used to improve a given airway segmentation.

pplication 1 aims at improving the quality of an existing air-

ay segmentation by removing leaks from the segmentation. Ap-

lication 2 is used to improve the quality of a given airway seg-

entation algorithm whose performance depends on a set of tun-

ble parameters. In this application we take advantage of the fact

hat a range of different segmentations can be extracted from

 given airway segmentation algorithm by varying these tunable

arameters. We propose a strategy in which a combination of

hese segmentations after removing leaks can improve the airway

egmentation. 

.1. Application 1: removing leaks from segmentation 

The first application of our leak detection method consists of

educing the amount of leaks in a given binary airway segmenta-

ion A I . This segmentation is first reduced to a set of candidates,

hat are classified by the proposed ConvNet to identify leaks and

emove them from A ( Section 2 ). Removing candidates that are
I 
artially leak and partially an airway can result in a set of discon-

ected airway branches. When the gap between the disconnected

irway branches does not exceed a maximum distance of L max , the

irway continuation is restored by reconnecting the disconnected

ranches using the Euclidean shortest path. The diameter of this

econnection is interpolated from the diameters of the adjacent

andidates. Note that the interpolated part of a branch is not al-

owed to exceed the original segmentation A I . 

.2. Application 2: combining multiple segmentations 

The second application of our leak detection method aims at

mproving the results of a given airway segmentation algorithm

y increasing the detected airway tree length, while keeping the

mount of leaks limited. We take advantage of the fact that dif-

erent segmentations can be extracted from a single airway seg-

entation algorithm by varying parameters that influence the tree

ength and the amount of leaks. Instead of optimizing this set

f parameters to extract a single finely-tuned segmentation, n

oarsely-tuned segmentation C i are extracted from n combinations

f parameters, where i indicates a unique combination of param-

ters. In Fig. 3 , an example of coarsely-tuned segmentations C i is

hown for two patients. Fig. 3 clearly shows that each set of pa-

ameters results in a coarsely-tuned segmentation with a different

rade-off between tree lengths and leakage counts. In addition, the

ame set of parameters used for two different patients (e.g. i = 1 )

ay result in differently tuned segmentation, which is the reason

hy fine-tuning of this trade-off is difficult. 

In order to construct an improved segmentation, we

pply Application 1 to each coarsely-tuned segmentation

 1 , C 2 , C 3 , C 4 , . . . , C n , resulting in n leak reduced segmentations

 

r 
1 , C 

r 
2 , C 

r 
3 , C 

r 
4 , . . . , C 

r 
n . Since these leak reduced segmentations

ontain complementary information, their union results in an

mproved segmentation A 

r 
u = 

⋃ n 
i =1 C 

r 
i 

that benefits from a low

eakage count and a higher tree length. Fig. 3 visualizes this

ay of combining leak reduced segmentations. In this figure, the

lue segmentations in columns i = 1 , 2 , 3 , 4 and n indicate to the

educed segmentations C r 1 , C 
r 
2 , C 

r 
3 , C 

r 
4 , . . . , C 

r 
n , whereas the red parts

f the segmentations are the removed leaks. The two last columns

f Fig. 3 show the union of all coarsely-tuned segmentations

 u = 

⋃ n 
i =1 C i and the union of all n leak reduced segmentations

 

r 
u = 

⋃ n 
i =1 C 

r 
i 
. 
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Table 1 

An overview of the amount of candidates used to train and test the 

ConvNet. For training and validation, patch rotation with angles of 0 °, 
90 °, 180 °, and 270 ° and horizontal flipping were used to obtain eight 

examples per candidate. Since leaks were under represented, additional 

augmentation was performed on these candidates by mirroring the 

patch order in the direction of the airway i.e. { p 3 , p 2 , p 1 } instead of 

{ p 1 , p 2 , p 3 }. The number of airway and leak candidates were balanced 

after augmentation. 

Training Validation Testing 

Number of scans 27 9 9 

Number of candidates before augmentation 

total 19,035 7292 6103 

airway 13,641 5635 4538 

leak 5394 1657 1565 

Number of candidates after augmentation 

total 195,432 71,592 –

airway 109,128 45,080 –

leak 86,304 26,512 –

Number of candidates after balancing 

total 172,608 53,024 –

airway 86,304 26,512 –

leak 86,304 26,512 –
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4. Data 

4.1. COPDGene study 

The proposed ConvNet was trained and evaluated on a ran-

domly selected set of 45 high-dose (120 kVp, 200 mAs) full inspi-

ration thoracic CT scans taken from the COPDGene study ( Regan

et al., 2010 ). All scans were reconstructed to 512 × 512 matri-

ces, with in-plane voxel sizes between 0.50 and 0.88 mm and

slice thickness between 0.63 and 0.90 mm. Liberal airway seg-

mentations were extracted from these scans, containing both air-

ways and a substantial amount of leaks. A total of 32,430 candi-

dates were extracted from the binary segmentations, excluding the

trachea and main bronchi. Each candidate was labeled as airway

or leak based on the set of 2D patches by an observer specifically

trained for this task. The observer was instructed to only label the

candidate as airway if the entire candidate (i.e. p 1 , p 2 , and p 3 ) was

part of an airway, which resulted in 23,814 airways and 8616 leaks.

Augmentation of the candidates in the training and validation set

was performed as explained in Section 2.2 . 

4.2. EXACT’09 challenge 

The method was evaluated on a completely independent test

set of twenty CT scans taken from the internationally recognized

EXACT’09 challenge for airway segmentation. This test data repre-

sented an heterogeneous set of full inspiration and full expiration

scans obtained from subject ranging from healthy volunteers to pa-

tients with severe lung disease. The scans were acquired at differ-

ent sites using several different scanners, scanning protocols, re-

construction parameters, dose (120/140 kVp, 10.0–411.5 mAs), slice

thickness (0.50–1.0 mm), and in-plane voxel sizes (0.55–0.78 mm).

More information on the specific description of these scans can be

found in Lo et al. (2012) . Since the EXACT’09 challenge is not main-

tained at this moment, and new submissions are not processed, we

requested the reference standard from the organizers of the chal-

lenge and re-implemented the evaluation algorithm (as described

in Lo et al. (2012) ) in order to compare our results to the other

participants of this challenge. 

5. Experiments and results 

Four experiments were performed to evaluate the performance

of our method. In the first experiment, the performance of leak

detection with the proposed ConvNet ( Section 2 ) was evaluated

on a candidate level using data from the COPDGene study. This

proposed approach was compared to two alternative classification

method in experiment 2. In the third experiment, we applied leak

reduction to given airway segmentations as proposed in Applica-

tion 1 ( Section 3.1 ), in order to evaluate the ability of our method

to reduce leaks in a given airway segmentation. In the fourth ex-

periment, we evaluate the proposed strategy of combining differ-

ent segmentations extracted from a single given airway segmen-

tation algorithm, as explained in Application 2 ( Section 3.2 ). This

combination strategy aims at increasing the airway tree length and

keeping leaks limited. Both the third and fourth experiments were

performed on the twenty test cases from the EXACT’09 challenge

and are meant as an external validation of our method on an het-

erogeneous data set. 

5.1. Experimental setup 

For the purposes of this study, we used an average candidate

length L = 3 . 5 mm to be able to classify small parts of a segmenta-

tion. The max reconstruction length L max was chosen to be 40 mm.

The rescaling of the patch intensities was done using I = −10 0 0
min 
nd I max = 400 . For training the ConvNet, the maximum validation

ccuracy was achieved after 6 epochs. 

.2. Experiment 1 

In the first experiment, we evaluated the proposed leak de-

ection method ( Section 2 ) on a candidate level using the 45

cans taken from the COPDGene study. Scans were divided into a

raining, validation, and test set in a 3:1:1 ratio, respectively. An

verview of the number of extracted candidates per set before and

fter augmentation is shown in Table 1 . Since both the training

nd validation set were unbalanced after augmentation (i.e. more

irway candidates compared to leaks), we balanced both data sets

y randomly selecting airway candidates to match the number of

eak candidates. The balanced training set therefore consisted of

72,608 candidates (27 scans) and the validation set of 53,024 can-

idates (9 scans). Candidates extracted from the remaining 9 scans

i.e. 4538 airways and 1565 leaks) were used for testing. The ROC

urve of this experiment is shown in Fig. 4 , with an area under

he ROC curve (Az) of 0.994. With an operation point of 0.5, a to-

al of 5959 candidates were correctly classified (4 4 43 airways and

516 leaks), and 180 candidates were assigned to the wrong class

120 false positives and 60 false negatives). This resulted in an ac-

uracy of 0.97, a specificity of 0.97 and a sensitivity of 0.96. Fig. 5

hows examples of patches classified as true positives, true nega-

ives, false positives and false negatives, where the positive class

efers to leaks and the negative class to airways. The execution

ime of our ConvNet for the classification of a single candidate is

.00198 s on a standard PC with a GPU GeForce GTX TITAN X. Since

he airways of one scan typically consist of 50 0–10 0 0 candidates,

xecution time of the ConvNet is between 1 and 2 s per scan. The

est of the pipeline (e.g. extracting the candidates and patches, per-

orming augmentation, etc.) takes between 3–5 min per scan. 

.3. Experiment 2 

In the second experiment, a comparison was made between our

roposed ConvNet and two alternative classification approaches. In

he first approach, we transformed the voxel intensities values of

he patches of a candidate (i.e. p 1 , p 2 , p 3 ) into a single feature

ector of 32 × 32 × 3 = 3072 features. In the second additional ap-

roach, we used a method based on representation learning as pre-

ented by Coates et al. (2011) to extract features and perform the
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Fig. 4. Result of Experiments 1 and 2 showing the performance on a candidate level 

of the proposed ConvNet (in blue) and the two alternative classification approaches 

(i.e. representation learning approach in green and voxel intensity approach in red). 

The confidence interval is shown as a shades region around the ROC curves. (For 

interpretation of the references to colour in this figure legend, the reader is referred 

to the web version of this article.) 
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Fig. 6. Figure taken from the EXACT’09 airway segmentation challenge ( Lo et al., 

2012 ), which shows the average tree length versus average false positive rate (i.e. 

leakage percentage) of all 15 participating teams (semi-automatic algorithms are 

shown in red). A fusion scheme of different combinations of the 15 algorithms are 

shown as blue stars, where the red star indicates the fusion of all 15 algorithms as 

proposed in Lo et al. (2012) . The results of our method are included as A I , A 
r 
I , and 

A r u . A I refers to the evaluation of algorithm 14 with our reimplemented EXACT’09 

evaluation. A r I refers to the evaluation performed in Experiment 3, using leak re- 

duction on A I . A 
r 
I refers to the evaluation in Experiment 4, where a combination of 

coarsely-tuned segmentations extracted from algorithm 14 is used to increase the 

segmented tree length. Note that our method was able to increase the segmented 

tree length while limiting the amount of leaks. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this 

article.) 
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(

lassification. Our validation data set was used to learn a set of

epresentative patches in an unsupervised way using a soft ver-

ion of a K-means clustering algorithm. This set of representative

atches was used to extract a feature vector from the input patches

 1 , p 2 , p 3 . The final classification of both additional approaches was

erformed on the test set using a linear Support Vector Machine

lassifier, which was the best performing classifier in the method

f Coates et al. (2011) . The ROC curves of these additional ap-

roaches are included in Fig. 4 , with an Az of 0.814 for the first

pproach and an Az of 0.929 for the second approach. Note that

oth alternative classification approached are outperformed by our

onvNet approach. 
ig. 5. Example patches that were extracted from the classified candidates in Experim

ach row consists of four candidates, where each candidate is represented by the set o

width = 1600, center = -600) is used to show all patches. 
.4. Experiment 3 

In the third experiment, we evaluated the ability of our method

o reduce leaks in given airway segmentations from the EXACT’09

hallenge using Application 1. Fig. 6 was taken from the EXACT’09

hallenge, in which the results of all participating algorithms (algo-

ithms 1–15) are summarized. The airway segmentations provided

y algorithm 14 ( van Rikxoort et al., 2009 ) were taken as input

egmentations A I to our method. The original evaluation of these

egmentations shows that algorithm 14 finds many airways but
ent 1, where the positive class refers to leaks and the negative class to airways. 

f three patches (from left to right p 1 , p 2 , and p 3 ). A standard lung window level 
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Fig. 7. Results of the third and fourth experiments, showing five cases from the EXACT’09 challenge. In experiment 3 (first row), red indicates voxels that were in the original 

given segmentations A I , but classified as leak by our proposed method. The blue parts indicate the improved segmentation A r I . In experiment 4 (second row), red indicates 

voxels that were in the original given segmentations A I , but not included in the improved segmentations A r u . The green parts indicate voxels that were only included in the 

improved segmentations A r u , whereas blue indicates voxels that were both in A I and A r u . The improved segmentations in the first row ( A r I ), were constructed by performing 

leak reduction on A I ( Section 3.1 ). The improved segmentations in the second row ( A r u ) were constructed by combining multiple coarsely-tuned segmentations extracted from 

algorithm 14 of the EXACT’09 challenge ( Section 3.2 ). Each rendering was anterior viewed with a field of view of 250x250mm. (For interpretation of the references to colour 

in this figure legend, the reader is referred to the web version of this article.) 
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also produces a substantial amount of leaks, compared to the other

participants of the challenge. Since the challenge is not maintained

at this moment, we first re-analyzed the original submission of al-

gorithm 14 (indicated as A I in Fig. 6 ) in order to validate our reim-

plementation of the EXACT’09 evaluation. This resulted in a de-

tected tree length of 59.0% and a false positive rate of 7.13%, which

is very close to the original result (i.e. a detected tree length of

57.0% and a false positive rate of 7.27%). The small difference be-

tween these results was mainly because of differences in the way

airway branches were automatically labeled. We therefore consider

our re-implementation to be a highly comparable alternative to the

original EXACT’09 evaluation. 

We applied the proposed leakage reduction method to A I as

explained in Section 3.1 (Application 1), which produced leak re-

duced segmentations A 

r 
I 
. Evaluation of A 

r 
I 

resulted in a detected

tree length of 51.8% and a false positive rate of 1.01% (indicated

as A 

r 
I in Fig. 6 ). Fig. 7 shows five 3D examples comparing the pro-

posed method A 

r 
I 

to the original EXACT’09 submission A I . 

5.5. Experiment 4 

In the final experiment, the aim is to improve the results of

a given airway segmentation algorithm by increasing the detected

airway tree length while limiting the amount of leaks as proposed

in Application 2 ( Section 3.2 ). For this experiment, coarsely-tuned

segmentations are extracted with the method described in van

Rikxoort et al. (2009) (algorithm 14 of the EXACT’09 challenge).

Airway branches are extracted using a wavefront propagation al-

gorithm that includes voxels below a certain threshold t . To pre-

vent the segmentation from leaking, additional rules ensure that

the radii ratio between a parent and a daughter branch cannot ex-

ceed a fixed value r . Since both t and r have an independent ef-

fect on the segmented tree length and the amount of leaks, the

interaction between these parameter can produce segmentation

with complementary information. We therefore independently var-

ied both t and r in this experiment to extract 15 coarsely-tuned

segmentations { C , . . . , C } . We applied leak reduction to each of
1 15 
he coarsely-tuned segmentations in order to construct 15 leak re-

uced segmentations { C r 
1 
, . . . , C r 

15 
} . The union of all C r 

i 
provided the

esulting segmentation A 

r 
u . The evaluation of A 

r 
u was performed us-

ng the references scans of the EXACT’09 challenge, where all parts

f the segmentation that were found by our method, but were not

n this references, were visually inspected as was done in the orig-

nal evaluation of the challenge. This resulted in a detected tree

ength of 65.4% and a false positive rate of 1.68% (indicated as A 

r 
u 

n Fig. 6 ), which is closest to the optimal combination of all algo-

ithms in the EXACT’09 airway segmentation challenge (indicated

y the red star in Fig. 6 ). Fig. 7 shows five 3D examples comparing

 

r 
u to A I . 

. Discussion 

Application 1 and 2, as proposed in Section 3 , show a practi-

al way of applying our leak reduction method. These applications

ere evaluated in Experiments 3 and 4 by using the twenty test

ases of the EXACT’09 challenge. This test set was substantially dif-

erent from the set that was used for training the ConvNet, as the

est set contained scans from several different scanners, with dif-

erent scanning protocols and reconstruction parameters. In addi-

ion, the test set ranged from clinical dose to ultra low-dose scans,

rom healthy volunteers to patients with severe lung disease, and

rom full inspiration to full expiration. The performance in exper-

ment 4 shows that the proposed method can handle these kinds

f variation, even though this variation was not available at train-

ng time. However, since the training set only consisted of high-

ose full inspiratory scans from the multi-center COPDGene study,

xtending the training set with low-dose scans, expiratory scans,

nd scans with different reconstruction kernels may further im-

rove the classification and generalization of the method. 

In Section 3.2 we propose a strategy to combine coarsely-tuned

egmentations, in order to improve the quality of a given airway

egmentation algorithm whose performance depends on a set of

unable parameters. Combining multiple segmentations after re-

oving leaks shows to improve the segmentation and in addition
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Fig. 8. Five examples taken from Experiment 4 in which the proposed combination strategy of multiple segmentations is compared to two different combination strategies 

of the same segmentations. In the first row, our combination A r u is compared to the union of all coarsely-tuned segmentations A u , where red indicates voxels that were in 

A u , but classified as leak by our proposed method. The blue parts indicate the improved segmentation A r u . In the second row our combination A r u is compared to majority 

voting of all coarsely-tuned segmentations A mv , where red indicates voxels that were in A mv , but classified as leak by our proposed method. The green parts indicate voxels 

that were only included in the improved segmentations A r u , whereas blue indicates voxels that were both in A mv and A r u . Each rendering was anterior viewed with a field of 

view of 250x250mm. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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argely circumvents the need for parameter fine-tuning. However,

he way of combining airway segmentations is not straightforward

nd affects the resulting segmentation. In Fig. 8 , five cases are

hown in which the resulting segmentations from our combina-

ion strategy A 

r 
u are compared to the union and majority voting of

ll coarsely-tuned segmentations. In the first row of Fig. 8 , the dif-

erence between A 

r 
u and the union of the coarsely-tuned segmen-

ations A u is shown. The second row shows the difference between

 

r 
u and the majority voting of the coarsely-tuned segmentations

 mv . When considering A u , a substantial amount of leaks is present

n the resulting segmentations, whereas A mv produces airway seg-

entations with low leakage count but also low tree length. The

roposed A 

r 
u on the other hand, shows to reduce the amount of

eaks compared to A u and retains substantially more airways com-

ared to A mv . 

In the fourth experiment, we showed that our approach came

losest to the optimal combination of the EXACT’09 challenge,

owever still detected less airways. The main reason for this dif-

erence is that only a single algorithm was used to extract the

oarsely-tuned segmentations in our approach, whereas the opti-

al combination of the EXACT’09 challenge consists of segmenta-

ions from multiple algorithms. A single segmentation algorithm is

ble to produce many different segmentations, however may sys-

ematically miss a specific part of the airway tree. Since it has

een shown in the EXACT’09 study that different segmentation

lgorithms provide complementary information, a combination of

eak reduced segmentations extracted by multiple algorithms may

herefore further improve the detection of airways. This suggests

hat the optimal combination method of EXACT’09 might be fur-

her improved by the combination approach proposed in this pa-

er. 

The ConvNet that we used for leak detection was specifically

esigned to classify a small part of a given airway segmenta-

ion. Approximating the 3D appearance of a candidate by using

he three consecutive patches p 1 , p 2 , and p 3 was a major design

hoice for the development of the architecture of the ConvNet.

ithout the information of these three patches, a leak can eas-

ly be misclassified because of an airway-like appearance on a sin-

le patch, making the classification task much more challenging.
urthermore, encoding this information into 3 equally spaced 2D

atches is an efficient way to represent the airway appearance in

he longitudinal view. In addition, parallel processing of the three

atches of a candidate allows each separate stack of convolutional

ayers to retrieve information from the other two patches during

raining time. This is especially useful in situations where a can-

idate partially leaks into the parenchyma, in which, for example,

wo patches are part of the actual airway and one patch is part

f a leak. In these kind of scenarios the proposed ConvNet is able

o learn to classify this candidate as a leak. Since we do not as-

ume a spatial correspondence between the pixels of each of the

hree patches, an approach in which we use a single stack of con-

olutional layers with a three channels input patch would be less

uitable. As an alternative to multiple 2D patches, a full 3D ap-

roach could be considered instead. However, given the high per-

ormance of our 2D approach (i.e. an area under the ROC curve of

.994) only a small improvement can be expected with a full 3D

pproach. Nevertheless, exploring the possibilities of 3D ConvNets

ould be an interesting topic for future work. 

Our proposed method may provide the ability to investigate

he role of smaller bronchi in pulmonary diseases involving air-

ay pathology. For example, the role of small bronchi in COPD is

et unknown, partially because of a lack of robust airway segmen-

ation algorithms. Especially in these types of scans, the presence

f emphysema is the main source of leaks, since emphysema has

imilar intensity values as the airways. Our proposed method may

rovide an important tool, because of the ability to limit leakage

hile increasing the detection of smaller bronchi. 

In experiment 3, we showed that our method is able to sub-

tantially reduce the amount of leaks in a given airway segmen-

ation. However, this additionally led to a decrease in segmented

irway tree length. After careful inspection of these removed air-

ays, we concluded that the majority was because of candidates

hat represented a combination of both an airway and a leak. In

hese specific situations the ConvNet may classify the candidate

s a leak and consequently remove the leak and the attached air-

ay from the segmentation. A thorough analysis of the false posi-

ive candidates suggests that these misclassification especially hap-

ens when the severity of leakage is to such an extent that the
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Fig. 9. Example of leaks in a given airway segmentation extracted using a liberal 

set of parameters (left) and the resulting segmentation after leakage reduction with 

our proposed method (right). Although the method was profound in removing the 

leaks from the input segmentation, the red arrows indicate areas where actual air- 

ways were falsely classified as leaks and removed from the segmentation. (For in- 

terpretation of the references to colour in this figure legend, the reader is referred 

to the web version of this article.) 
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appearance of the actual airway branches is affected. An extreme

example is shown in Fig. 9 , where our method is able to remove

the leaks in a given segmentation but in addition removes parts

of the actual airway tree. Similar misclassifications may happen

in the reverse situation where a candidate that contains both a

leak and an airway is classified as airway, resulting in a leak that

is not removed from the segmentation. In order to further inves-

tigate this, we randomly selected 100 inspiratory CT scans from

the COPDGene study with airway segmentation that were visu-

ally checked for leaks. After applying Application 1 to these scans,

we reduced the average tree length by 1.88%, corresponding to an

average of 4.70 mm. Since there were no leaks in the input seg-

mentations, these removed airways are considered to be the actual

false positives of our method. 

In conclusion, we have presented a method to improve a given

airway segmentation by detecting leaks in the segmented airways

using ConvNets. Our approach differs from the current state-of-

the-art since we do not propose yet another segmentation algo-

rithm, but instead a novel method to detect and remove leaks in a

given airway segmentation. Combining multiple segmentations ex-

tracted from a single airway segmentation algorithm together with

leak reduction has the potential to increase the total tree length of

an airway segmentation while limiting the amount of leaks. This

way of applying leak reduction achieves a higher sensitivity at a

low false-positive rate compared to all the state-of-the-art meth-

ods that entered in EXACT09. 
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